Agriculture, Environment & Society (2025) Volume 5, Issue 1, P. 1-10

Agriculture, Environment & Society

L3
Agriculture,
Environment S¢S

Journal homepage: www.aes.uoz.ac.ir

Detection of sugar content in sugar beets using hyperspectral imaging

Mohsen Mahdiani 2, Mehdi Khojastehpour ™, Mahmood Reza Golzarian ©

2 Ph.D. Student, Department of Biosystems Engineering, Ferdowsi University of Mashhad, Mashhad, Iran
® Department of Biosystems Engineering, Ferdowsi University of Mashhad, Mashhad, Iran
¢School of Engineering and IT, Murdoch University, WA 6150, Australia

ARTICLE INFO

ABSTRACT

Article history:

Received: 4 October 2024
Accepted: 15 November 2024
Available online: 1 June 2025

Keywords:
Hyperspectral imaging
Rapid detection
Regression analysis
Sugar beet

Sugar content

[SHO

(CCBY 4.0)

Copyright © 2025 by the author(s)

Measuring the sugar content in sugar beet is challenging because of the labor,
expenses, and chemicals required. Hence, there is a necessity for a more efficient
method to measure this content. This study aims to establish an efficient, non-
invasive method for detecting sugar content in sugar beets using hyperspectral
imaging, which could revolutionize quality control in the sugar beet industry. This
study used hyperspectral imaging to analyze 400-950 nm sugar beet paste. Pre-
processing techniques such as SNV (Standard Normal Variate) and SG (Savitzky-
Golay), along with wavelength selection methods such as SPA (Successive
Projection Algorithm) and CARS (competitive adaptive reweighted sampling),
were applied. Furthermore, various regression models including MLR (multiple
linear regression), PLS (Partial Least Squares regression) , and SVR (Support
Vector Regression) were employed for prediction. Evaluating these models based
on R? and RMSE criteria, the PLS regression model with SNV pre-processing and
SPA wavelength selection stood out, achieving an R? value of 0.91% and RMSE of
0.24. These findings suggest the potential of hyperspectral imaging as a rapid and
accurate means of determining sugar content in sugar beet across the VIS-NIR
spectrum.

Highlights

e The analysis of hyperspectral images was investigated to predict the sugar content.

SG and SNV algorithms were used for preprocessing.
CARS and SPA algorithms were used to select the effective wavelengths.
Models for prediction have been created by MLR, PLS and SVR algorithms.

1. Introduction

Assessing the sugar content in sugar beet is essential for
both sugar factories and farmers, particularly in regions
where payments to farmers are based on sugar content
(Uygan et al., 2021; Wang et al., 2022). Since sucrose
comprises C-H, O-H, C-C, and C-O bonds, various
methods such as enzymatic analysis, HPLC, and
polarimetry have been employed for their measurement
(Pan et al., 2015a). Among these, the polarimetric method
is favored for its simplicity and is commonly used in sugar
factories. This method involves mixing 26 grams of sugar
beet paste with 177 grams of lead acetate solution to
measure sugar content through polarization (Roggo et al.,
2004; Shabani and Sepaskhah, 2019).
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The best model for prediction of sugar content were selected.

Researchers have concentrated on developing precise
and rapid methods for determining sugar content without
relying on chemical reagents. Spectroscopy techniques,
including hyperspectral imaging, have emerged as effective
solutions. One of the pioneering studies in this area is by
Roggo (Roggo et al., 2004), who employed an NIR
spectrometer covering the 400 to 2498 nm wavelength
range. This study demonstrated that spectroscopy can serve
as a fast and straightforward method for assessing the sugar
content in sugar beets. Additionally, the study highlighted
the potential of this technique for simultaneously
identifying other parameters. In Pan's research (Pan et al.,
2015a; Pan et al., 2013; Pan et al., 2015b), two portable
spectrometers with working ranges of 400-1100 nm and
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900-1600 nm were employed to obtain spectral data from
the beets in intact and sliced conditions. The study, which
considered interactance mode, consistently confirmed that
sugar content could be accurately identified under all tested
conditions (sliced beet and intact beet). In a separate study
conducted by Babaei (Babaee et al., 2019), a near-infrared
(NIR) spectrometer was employed in the wavelength range
of 942-1576 nm in interactance mode to investigate the
effects of spectroscopic location and sugar beet skin on the
spectrometer's performance. Utilizing ANOVA analysis,
the results indicated that within this spectral range, the
wavelength of 1393 nm exhibited the highest correlation.
Furthermore, spectral measurements taken from four
locations—Northwest (NW), Southwest (SW), Northeast
(NE), and Southeast (SE)—approximately one centimeter
above and below the root neck, where the root diameter is
greatest, did not yield significant differences. However, a
notable distinction was observed between the spectroscopy
of the skin and flesh of the sugar beet root, with
measurements from the flesh demonstrating greater
accuracy. Also in Bagharpur's study (Bagherpour et al.,
2014), the quantification of sugar content was validated
through the application of infrared spectroscopy within the
wavelength range of 900-1600 nm on sugar beet samples,
along with the implementation of pre-processing
techniques.

Hyperspectral imaging is a technique that enables the
extraction of internal compositional information from
materials through imaging. This approach has
demonstrated promising outcomes in numerous studies
focused on agricultural products aimed at identifying their
internal constituents. For instance, research conducted on
mulberry fruits (305-1090nm wavelength in reflectance
mode) has indicated that this method can effectively
quantify anthocyanin levels (Li et al., 2023), while another
study assessed the soluble solids content in Tribute Citru
using the same technique (400-1000 nm wavelength in
reflectance mode) (Li et al., 2023). In investigations carried
out by Pan (Pan et al.,, 2014; Pan et al., 2016a),
hyperspectral imaging was utilized on sugar beet slices
within the spectral range of 500-1000 nm, resulting in
relative reflectance data that demonstrated considerable
accuracy. These results suggest that hyperspectral imaging
may be an effective substitute for traditional methods of
determining sugar content. In Wang's study (Wang et al.,
2022), he effectively employed an Unmanned Aerial
Vehicle (UAV) to evaluate the sugar levels in fields by
combining hyperspectral imagery with RGB, multispectral,
and thermal infrared images. His findings demonstrated
that hyperspectral imaging can be used by UAVs for
remote sensing to accurately measure sugar content.
Nonetheless, many factories are unable to adopt these
technologies widely due to their high costs thus posing
problems of accessibility hence limited usage. As such, the
cost-effective ways of applying hyperspectral imaging in
determining sugar content levels of beet paste could greatly
impact sugar processing companies. This would lead to
more accurate measurements in the sugar factories.

In light of the research context, several pertinent
questions arise: Firstly, is it feasible to ascertain sugar

content through hyperspectral imaging of sugar beet paste?
Secondly, can a regression-based methodology be
developed for accurately determining sugar levels in sugar
beet? How can we enhance identification accuracy by
implementing efficient wavelength selection algorithms?
The present study aims to address these inquiries.

2. Material and methods

2.1. Sampling and imaging

An automated machine randomly samples a portion of
the sugar beets delivered to the factories. These beets
undergo a process of washing, shredding, and combining to
create a uniform mixture. This mixture is then analyzed to
determine the sucrose content and other elements (Fasahat
etal., 2022). In the Torbat-Heydarieh Sugar factory located
in Torbat-Heydarieh, Khorasan Razavi, Iran, a total of 150
samples were prepared using this method. Each sample was
divided into two segments: one segment was sent to an
imaging lab (Automation and Computer Vision Laboratory
-ACVL) at Ferdowsi University of Mashhad for imaging,
while the other segment was sent to the Agricultural
Research, Education and Extension Organization
(AREEO) in Mashhad, Khorasan Razavi, Iran, to obtain
data on sucrose content using a Betalizer (Figure 1), the
sugar content (SC) was determined using the polarimetric
method.

The linear scan-type imaging device utilized in this
study is a Desktop Scanner manufactured by Parto Afzar
Sanat Co. (Zanjan, Iran). It possesses several key
specifications, including a scan length of 200mm, a scan
resolution of 0.05mm, a vertical arm height of 400mm, and
four halogen light sources that ensure uniform illumination.
The imaging spectral range of this device spans from
400nm to 950nm, with a spectral interval of 2nm between
consecutive spectral images. To ensure accurate
calibration, the device was calibrated by imaging a white
standard plate, which serves as the device standard, and
obtaining a dark reference image by covering the lens with
the cap. In addition to its ability to manually store and
display the average spectrum of a selected region, the
device also can store spectroscopic images. The primary
focus of this study is the analysis of the stored images. The
images within the device create a spectroscopic cube with
dimensions of 114 x 36 x 516. Here, 516 represents the
spectral resolution of the image, which corresponds to the
number of acquired spectra ranging from 400nm to 950nm.
Furthermore, the values 36 and 114 represent the spatial
resolution—specifically the width and height—of the
captured images. For data analysis, MATLAB software
(VER 2022b, MathWorks Inc, US) was employed on an
ACER ASPIRE laptop equipped with 20GB RAM and a
core i7 CPU processor.

After preparation, each sample was placed in a tightly
sealed container with minimal air exchange and stored in a
refrigerator at -4 degrees Celsius. The samples were then
quickly transported to the laboratory, taking less than 24
hours. A precise 2 cm stainless-steel cube mold was created
to ensure standardization in laboratory analysis. This mold
was used to shape the mixed sugar beet paste into uniform
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sample blocks, ensuring all samples had identical
dimensions and height to maintain consistency during
sampling. The samples were carefully inserted into the
molds and flattened with a knife to address any potential
height variations during the sampling process (Figure 2).
Without this mold, smoothing the surface would have
required significant effort, and the color would have
changed in the process. However, the small dimensions of
the mold allowed for quick smoothing with a knife. If the
sample's color changed during sampling, some material
was removed from the middle and placed into the mold.
Determining the appropriate sample size was essential to

150 samples Eaclh i
randontly . Sumple
selected two parts,

numbered

v
Analyzing

Imaging

achieve a sample with a specific thickness quickly.
Additionally, applying pressure at the end of the mold and
removing some material from the sample's surface allowed
for faster imaging and minimized color changes. Each
sample was sampled at least twice, and the average of the
spectra was used as the final sample spectrum.
Subsequently, the sample was positioned beneath the
imaging device, and a region of interest (ROI) measuring
51x51 pixels was designated at the center of each sample
surface using the associated imaging software application.
The spectral images across all spectral bands were then
captured from this defined ROI.

—, Betalyser
data
Best
model
Spectrum
_ data

Figure 1. Flowchart of model building

Figure 2. A 2x2x2 cm sampling mold and a manual rectangular Region of Interest (ROI) on the sample after the spectral image is captured
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2.2 Data processing

In spectroscopic devices, the existence of device noise
in both low and high spectral ranges necessitates the
exclusion of specific spectra during the processing stage.
For instance, in a particular device, the initial and final
spectra were eliminated as reported by Yang et al. (Yang et

Noise removal

al., 2014), leading to a total of 321 spectra out of the
original 516 spectra captured. The remaining 321 spectra
were then utilized in the subsequent processing procedures,
as illustrated in Figure 3. In subsequent analyses, we
utilized data cubes, each with dimensions of 321 x 51 x 51
and comprising a total of 150 samples—a complete dataset.

Average spectrum acquisition

Reflectance (a.u)

500 550 600 650 700 750 800
Wavelength (nm)

Figure 3. Noise removal and average spectrum acquisition

To address the impact of outliers on predictive models
caused by instrument and operational errors, the
researchers in this study employed the Monte Carlo Partial
Least Squares (MCPLS) method (Zhang et al., 2015). To
begin with, a calibration set was created by randomly
selecting sample fractions, while the remaining fractions
were designated as the prediction set. PLS models were
then generated repeatedly to ensure that each sample was

03 r

utilized multiple times in the prediction set. As a result,
each sample produced a series of predictive residual errors
(PRE). For each sample in the prediction set, the Mean of
Predicted Residual Errors (MPRE) and the Standard
Deviation of Predicted Residual Errors (STDPRE) were
calculated (Figure 4) (Guo et al., 2012).
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Figure 4. MPRE versus STDPRE plot for determining outliers

2.2.1. Preprocessing

Data acquired from spectroscopic imaging systems can
be influenced by various factors, including light scattering
resulting from the interaction between the sample and the
detector, changes in sample size, surface roughness of the
sample, noise generated due to an increase in system
temperature, and other factors. These unintended factors
have the potential to affect the accuracy of models and lead
to significant discrepancies in the interpreted data. These

elements introduce additional noise that may mask true
spectral signals, thus compromising the reliability of
analytical outcomes (Zhang et al., 2021). Ensuring the
integrity of the data not only strengthens calibration models
but also fosters greater confidence in subsequent
interpretations and applications across various scientific
fields. Therefore, to achieve stable, accurate, and reliable
validation models, it is necessary to preprocess the data
(Rossel, 2008). In this particular study, two common
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preprocessing techniques (Sim et al., 2024), namely
Standard Normal Variate (SNV) and Savitzky-Golay (SG)
smoothing, were utilized. SNV and SG are. These
preprocessing techniques are employed to mitigate the
influence of multiplicative effects such as baseline shifts
and intensity changes in spectral data. SNV involves
transforming each data point by subtracting the mean and
dividing it by the standard deviation across all data points.
On the other hand, Savitzky-Golay (SG) smoothing is used
to remove random noise while preserving important
features of the captured spectra. The SG smoothing
technique applies a convolution process with a set of
predefined coefficients to a moving window of data points.
SNV was performed with a degree of 3 and a window size
of 5. The SG method, which utilizes a window size of 5 and
a degree of 3, is widely employed for noise reduction (Yu
et al., 2021). SNV, on the other hand, is useful in
eliminating the scattering effect caused by light and particle
size. Furthermore, the impact of these preprocessing
methods on the performance of the predictive model was
evaluated and compared with the performance metrics
obtained when only the raw data, without any
preprocessing, was fed into the model.

2.2.2. Selection of effective wavelengths

To enhance modeling accuracy and reduce
computational time, employing different algorithms for
selecting effective wavelengths is crucial. This study
investigated two commonly used methods: Competitive
Adaptive Reweighted Sampling (CARS) and Successive
Projection Algorithm (SPA). The CARS method, inspired
by the concept of "survival of the fittest" from Darwinian
Theory, utilizes Monte Carlo sampling to select a subset of
wavelengths through iterative processes and competition.
This method evaluates wavelengths based on their absolute
coefficient value in PLS modeling by optimizing variables
with an exponential decreasing penalty function and
adaptive weighted resampling (Ji et al., 2020). The subset
with the smallest RMSEYV is identified as characteristic
wavelengths, obtained through repetitions of sampling
(Shao et al., 2020).

Data Preprocessing

On the other hand, the SPA is a valuable tool for
forward variable selection, enhancing modeling speed and
accuracy by reducing collinearity and extraneous
information among variables. SPA operates by selecting
the optimal wavelength with the highest design value in
each iteration until the desired number of wavelengths is
reached. The number of variables is determined by
minimizing the root mean square error (RMSE) in multiple
linear regression (MLR) calibration (Shao et al., 2020),
contributing to improved modeling outcomes.

In general, the SPA method involves adding one
wavelength at a time based on correlation, while the CARS
algorithm samples and re-weights wavelengths according
to their performance in predicting the target property. This
study aims to compare these two methods in terms of their
effectiveness and efficiency in spectral data analysis.

MLR is a widely used technique for establishing a
linear relationship between spectral data and chemical
components. Despite being an older algorithm, MLR
remains efficient, especially when the number of features
is less than the observations (Fei et al., 2023). Additionally,
PLSR is a method that utilizes full-spectrum data to predict
sample composition by identifying the highest covariance
between reference values and spectral data. PLSR
combines various statistical analysis methods to model the
relationship between dependent and independent variables,
making it particularly useful in scenarios with more
variables than observations and when multicollinearity is
present among the X values (Nie et al., 2023). Support
Vector Regression (SVR) is another supervised Machine
Learning technique that focuses on structural risk
minimization and demonstrates high-performance (Ahmad
et al., 2020), especially with multidimensional data and
high-dimensional datasets (Mesut et al., 2023).

Given the wide utilization and satisfactory outcomes of
these three regression methods in hyperspectral image
studies (Mitku et al., 2024; Shao et al., 2020; Soltanikazemi
et al., 2022), all three methods were employed in this study

to assess the most effective prediction models (Figure 5).

Regression
Method

Wavelength
selection

Figure 5. Workflow of finding regression method
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2.3. Model evaluation

In this study, due to the limited amount of data, the
cross-validation method was employed. The data was split
into two groups: 80% for training and 20% for validation.
Regression model evaluation metrics include the
correlation coefficient (R) and root mean square error
(RMSE). R indicates the goodness of fit, while RMSE
measures the difference between predicted and actual
values (eg. 1-2). A value of R? close to 1 suggests high
stability and fit, whereas an RMSE close to O indicates
stronger predictive ability (Li et al., 2023):

_ |, SO .
"= Jl =10 = Ym)? W
RMSE = Z?=1(5’;il_ Yi)z (2)

In these equations,
y; = measured value of the attribute for the ith sample
in the category;
=predicted value of the attribute for the ith sample in
the category;

ym= The average measured values of attributes in the
category;
n= the number of category samples;

3. Results

After analyzing the Betalyser result shows that the SC
ranges from 10.10 to 23.65%. This range is consistent with
the typical SC range of 10 to 24 % in sugar factories,
indicating a close resemblance to real-world samples. In the
spectrum (Figure 3), there is a noticeable dip at 650
nanometers and a peak at 620 nm, associated with the
chlorophyll level in the paste (Governici et al., 2017; Tian
et al., 2019). This range is also recognized by Pan et al. as
a crucial factor in determining chlorophyll in sugar beet
(Tian et al., 2019). Additionally, a noticeable peak at 750
nm, suggested by Pan, is likely linked to the third overtone
of water(Pan et al., 2016b) or the fourth overtone of C-H
(Wei etal., 2017). The O-H and C-H functional groups are
associated with the concentration of specific internal
compositions, such as soluble solid contents.
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Figure 6. Comparison of different regression, a) comparison of RMSE b) comparison of R?
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The MCPLS method was utilized to detect outliers,
following a similar approach to Zhang's study (Zhang et al.,
2023). For running MCPLS 75% of the selected samples
were assigned randomly to the calibration set, whereas the
remaining 25% were allocated to the prediction set. This
iterative procedure was repeated 5000 times, leading to the
generation of a scatter plot that visually depicts the
correlation between MPRE and STDPRE. Figure 4
Demonstrates that six samples were identified as outliers.
Specifically, any values of MPRE out of range (-0.5, 0.5)
and values of STDPRE surpassing 0.26 were classified as
outlier data.

The spectral data contained excessive information,
linearity, and overlapping, which negatively affected the
performance of multivariate calibration models. This study
utilized SPA and CARS to identify particular wavelengths
with minimal linearity and redundancy, enhancing
modeling efficiency.

The number of effective wavelengths was selected after
applying effective wavelength selection methods (CARS

and SPA) to each type of preprocessing data (None, SNV,
SG) then prediction models were created using MLR, PLS,
and SVR regression methods, and the results are shown in
Figure 6.

In Figure 6, the combination of the SPA and SG
algorithms exhibits the highest RMSE value and the lowest
R? value. Conversely, the combination of the SPA
algorithm with SNV demonstrates the lowest RMSE value
and the highest R? value. Figure 6 illustrates the capability
of the SPA algorithm to decrease the RMSE value. This
comparison between the SPA algorithm without
preprocessing and the CARS algorithm without
preprocessing is evident. The best model for identifying
effective wavelengths as input for the PLS algorithm is the
combination of SNV preprocessing and the SPA algorithm
that selects 50 wavelengths (Figure 7). This model
achieved a validation R? of 0.91, RMSEV of 0.24. Figure 8
also illustrates the performance of the best model for
predicting sugar content in the calibration set and
validation set.
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4. Discussion
In this study, different regression models were
employed (PLSR, MLR, and SVR) to analyze

hyperspectral data within the visible-near-infrared (vis-
NIR) spectral range (400-950nm). The present model
successfully determined the sugar content in sugar beet.
This study found that the SNV and SG pre-processing
algorithms significantly improved model accuracy in most
cases, based on validation data. Additionally, algorithms
for selecting effective wavelengths, such as CARS and
SPA, enhanced model performance. While the CARS
algorithm chose fewer wavelengths, its accuracy was lower
than SPA. Among the regression methods in this study,
MLR and PLS algorithms exhibited better performance
than the SVR algorithm in predicting SC. Results are
consistent with previous studies (Pan et al., 2014; Pan et al.,
2016a) that demonstrated the ability to determine sucrose
content within the 500-1000 nm wavelength range using
the PLS algorithm with an R? of 0.76. Pan's study (Pan et
al.,, 2013; Pan et al., 2015b), revealed that the optimal
model for intact beet was 0.81, while for sliced beet it was
0.89, within the wavelength range of 400-1100 nm. One
possible reason for the difference in the results could be
attributed to the use of sugar beet paste in this study, which
provided a more homogeneous sample. Findings align with
other studies that determine sugar content in fruit paste and
employ hyperspectral images. For instance, Maraphum
(Maraphum et al., 2020) identified the amount of sugar in
sugarcane within the same wavelength range (400-1000
nm) and showed that using the PLS algorithm with first
derivative preprocessing achieved an R2 of 0.66, which is
superior to their proposed method. Liu (Liu et al., 2017)
demonstrated that using multispectral imaging of tomato
paste within the range of 405-970 nm can determine sugar
content with an R? of 0.93. In this study, the optimal
method for predicting the SC level involves employing
SNV preprocessing in conjunction with the SPA algorithm
to determine the relevant wavelengths for the PLS
algorithm. This approach resulted in a validation R2 of 0.91
and a minimal RMSEV of 0.24. These values are
significantly higher and lower, respectively than those
reported in previous studies (Maraphum et al., 2020; Pan et
al., 2016a), indicating the model's higher performance and
robustness in predicting sugar content. This research
demonstrates, for the first time, that the SC of sugar beet
paste can be evaluated through hyperspectral imaging.
These findings have promising implications for the
agricultural industry, as they can lead to improved crop
management practices and enhanced product quality. By
leveraging various algorithms such as SPA, PLS, and
MLR, scientists can build robust models that provide
accurate and reliable results. Furthermore, this study
emphasizes the significance of selecting effective
wavelengths, with the SPA method emerging as a
particularly valuable tool in this regard. Overall, these
results contribute to the growing body of knowledge on the
application of hyperspectral imaging for quality assessment
in agricultural products, highlighting its potential for
enhancing efficiency and precision in various industrial
processes.

5. Conclusion

The current study sought to measure the sugar content
in sugar beet using hyperspectral images of sugar beet paste
within the spectral range from 400 to 950 nm. To achieve
this, dough samples were taken from the shipments
received at the sugar factory. The sugar content of each
sample was assessed using a Betalyzer, and hyperspectral
imaging of the sugar beet paste was also captured. In this
study, pre-processing methods such as SNV and SG were
utilized, along with effective algorithms for wavelength
selection, specifically CARS and SPA. The results were
then fed into MLR, PLS, and SVR algorithms, resulting in
the creation of eighteen regression models that combined
these approaches. Among the eighteen developed models,
the best model was selected with the minimum RMSE and
maximum R2 values. These results indicated that all models
were acceptable, but the best performance was achieved
when SNV preprocessing was carried out along with the
SPA algorithm as an input method for PLS regression.
Such results would enable fast, chemical-free evaluation of
sugar content, thereby benefiting sugar factories while also
assisting farmers in assessing the size of their crops' sugar
content. Since this research is quite at the beginning, it
would be of great use to extend the project for more general
results with more samples involved. Moreover, techniques
beyond those applied could still provide further precision.
For instance, deep learning techniques may be considered
to learn features of the hyperspectral data.
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